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Intact and minced samples 
A B S T R A C T   
Near infrared spectroscopy (NIRS) can be useful in order to determine meat quality traits as a rapid and non- 
destructive technique. The aim of the present study is to assess the accuracy of NIRS technique to determine 
meat quality traits on Longissimus thoracis et lumborum muscle of open-air free-range Iberian pig (n = 287) both in 
intact and minced samples. Traits were measured by instrumental-chemical techniques: colour (L*, a* and b*), 
myoglobin content, centrifuge force water loss and texture: shear force and texture profile analysis (TPA: 
hardness, cohesiveness, springiness, chewiness). Calibration models between instrumental-chemical measures 
and NIRS spectral data were developed employing partial least square regressions (PLS). The samples were split 
in two random datasets (80 % in training set, 20 % in external validation set). An internal full cross-validation 
method was applied. Results were evaluated in terms of coefficient of determination (R2), root-mean-square error 
(RMSE), residual prediction deviation (RPD) and range error ratio (RER). Full spectral range was used to develop 
mathematical equations. As regard external validation procedure, the highest coefficients of determination (R2p) 
in intact loin samples were achieved for hardness, redness (a*) and yellowness (b*) (0.7<R2p<0.8), while for 
minced samples lightness (L*), myoglobin content and texture parameters obtained always R2p>0.7. The models 
developed suggest the ability of NIRS for quantitative prediction of shear force and for a rough classification of 
colour parameters L*, a*, b* in minced samples as well as hardness in intact samples.   
1. Introduction 
The traditional Iberian pig production system is characterized by an 
open-air, free-range fattening period named Montanera based on ad 
libitum intake of grass and acorns developed in the Dehesa ecosystem 
(López-Bote, 1998). The high organoleptic meat quality is influenced by 
the interaction between this rearing system and the genetic character-
istics of the breed. Iberian pigs have a slower growth rate, higher po-
tential of fat deposition and higher proportion of monounsaturated fatty 
acids with respect to other breeds. 
Therefore, high meat quality, which is increasingly demanded by 
consumers, is one of the main aims of the pork processing industry. 
Usually, meat characteristics are determined by classical chemical, 
technological and sensorial analyses. The implementation of these 
techniques is often expensive, invasive and time consuming; conse-
quently, those methodologies are not adapted for real-time analysis and 
sometimes generate hazardous waste (Tejerina et al., 2018). This is 
particularly relevant when meat quality traits are included in breeding 
programs since a large amount of data are needed, requiring cheaper 
and less laborious techniques. 
Near infrared spectroscopy (NIRS), based on the absorption of elec-
tromagnetic radiation at wavelengths in the 780–2500 nm range, is a 
recognized methodology for some chemical analyses both in food and 
feed. Near infrared spectra of foods include broad bands arising from 
overlapping absorption profiles corresponding mainly to overtones and 
combinations of vibrational modes involving C–H, OH and NH–– 
chemical bonds (Osborne, 2000). Nevertheless, this technique requires 
calibration against a reference method for each parameter of interest 
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and it requires a multivariate analysis able to associate the spectral 
absorption of the near infrared region with laboratory data. A large 
database with high levels of variability representing all possible char-
acteristics of the samples is essential to the development of robust and 
accurate NIRS predictions (Parrini et al., 2017). NIRS could be useful to 
replace traditional methods of analysis. In some studies, it has been 
applied for rapid and non-destructive determination of meat quality 
traits. Prieto et al. (2009) reported that the NIRS technique has a high 
potential to predict chemical content of meat and to categorise samples 
based on their meat quality characteristics. Also, Monteiro-Balage et al. 
(2015) described the potential of NIRS to correctly classify pork samples 
into two categories (tough and tender), when they used the visible 
spectrum combined with a part of the near infrared spectrum. In addi-
tion, Prieto et al. (2015) showed the capacity of NIRS to discriminate 
between pork quality of Lacombe, Duroc and Iberian loins applying the 
technology directly in processing plants. Nevertheless, apart from its 
discriminatory ability, the same authors (Monteiro-Balage et al., 2015; 
Prieto et al., 2009) reported low NIRS performance to accurately esti-
mate quality traits, due to different factors including the type of in-
strument and spectra regions, the statistical methods adopted, the 
precision of reference methods as well as the number and type of meat 
samples that, in the case of fresh meat, are linked to the heterogeneity of 
intact samples and high water content. The use of Fourier Transform in 
NIRS (FT-NIRS), which includes improvements in signal-to-noise ratio, 
spectral resolution and wavelength accuracy, could be a key factor to 
allow qualitative analyses of the traits, improving measurement preci-
sion, time of analysis, and costs. 
Several studies have used NIRS as a rapid method applicable to 
Iberian pig products (Cáceres-Nevado et al., 2019; Pérez-Marín et al., 
2009; Solís et al., 2001; Tejerina et al., 2018; Zamora-Rojas et al., 2012, 
2013). Overall, these NIRS studies were focused on determining chem-
ical composition, intramuscular fat content and fatty acid profiles, and 
just few compared intact and minced samples (Cáceres-Nevado et al., 
2019; Ortiz et al., 2020; Pérez-Marín et al., 2009). The possibility of 
determining meat quality traits directly on the intact piece could allow 
both to avoid meat destruction and to reduce the time required for the 
analysis. Therefore, it is important to investigate these aspects further. 
The aim of the present study was to assess the accuracy of the NIRS 
technique to determine several meat quality traits in intact and minced 
samples of loins belonging to Iberian pigs fattened in an open-air free- 
range system using the full near infrared region. As far as we know, this 
is the first time that the feasibility of NIRS technique is evaluated in this 
porcine breed and production system, as a quick and clean technique to 
simultaneously measure this set of meat quality traits in just one run, 
which includes water holding capacity, myoglobin content, instru-
mental colour and texture parameters. 
Due to the genetic uniqueness of Iberian pig, associated with lack of 
introgression of Asian and other lean European breeds alleles (Alves 
et al., 2003; Ollivier, 2009; SanCristobal et al., 2006), the results found 
in studies with other pig breeds may not be extrapolated to the Iberian. 
This simultaneous measurement would be very important for the Iberian 
pig meat industry and particularly in breeding programs including meat 
quality parameters as a selection goal, since a large number of records 
are required. 
2. Materials and methods 
2.1. Animal material 
Pigs included in the current study were castrated males belonging to 
a commercial population of an Iberian purebred herd that has been 
closed for approximately 15 years, as described in Fernández-Barroso 
et al. (2020). The animals were fed under a restricted feeding regime up 
to approximately 100 kg of body weight and managed in semi-extensive 
system. Then, they were fattened in an open-air free-range system based 
on ad libitum intake of acorns and grass. A total of 287 animals were 
slaughtered in the same commercial slaughterhouse in four different 
slaughter batches in the same year, at an approximate age of 17 months 
and at an average slaughter weight of 173 kg (SD = 13.7). Animal 
handling was carried out according to the regulations of the Spanish 
Policy for Animal Protection RD 53/2013, which meets the European 
Union Directive 2010/63/EU about the protection of animals used in 
research. Research protocols were assessed and approved by the INIA 
Committee of Ethics in Animal Research, which is the named Institu-
tional Animal Care and Use Committee (IACUC) for the INIA. 
2.2. Sample acquisition, texture, colour parameters and chemical 
determinations 
Samples of Longissimus thoracis et lumborum (LTL) muscle from 287 
pigs were removed from the carcass and both intermuscular fat and 
connective tissue were separated. The central LTL section was sub-
divided in two parts (Fig. 1). One part was used for myoglobin content 
(MB) and centrifuge force loss (CFL) determinations, and the other part 
was used for determination of texture: shear force, texture profile 
analysis (TPA: hardness, cohesiveness, springiness, chewiness), instru-
mental colour parameters (lightness L*, redness a*, and yellowness b*), 
and for NIRS determination. A quality control method removing the 
outliers was carried out. 
All samples were refrigerated and vacuum-packed individually in 
nylon/polyethylene bags. After packing, the meat portions corre-
sponding to MB and CFL were introduced in liquid N2 for approximately 
20 s before being stored at − 20 ◦C to quickly freeze them to reduce 
potential water loss and prevent changes in the chemical state of 
myoglobin. The remaining samples were stored directly at − 20 ◦C. Prior 
the analyses, samples were defrosted and tempered until determinations 
(3–5 ◦C for 24 h). Myoglobin content, CFL, colour parameters and shear 
force determinations has been previously described in detail by 
Fernandez-Barroso et al. (2020). 
Myoglobin content was determined following Hornsey (1956) and 
Alberti et al. (2005) with modifications. Absorbance was converted to 
mg myoglobin/g muscle following the next equation: 
Vf ∗ PM ∗ 1kg
ε ∗ Psample ∗ 1000 ∗DO  
Where Vf is the final volume of determination (12.5 ml), PM is molec-
ular weight of myoglobin, ε is a coefficient applied (9.52), Psample is 
sample weight (2.5 g), DO is the optical density absorbance. The method 
described by Tejerina et al. (2012) was used to measure CFL. Measures 
of MB and CFL were done in duplicate and then averaged. 
A steak of 2 cm thick was cut from the LTL portion for determination 
of the colour parameters L*, a*, and b* using a colorimeter (CR-400, 
Konica Minolta, New Jersey, USA) with 8 mm measuring cell aperture, 
CIE standard illuminant D65, and 2◦ observer. The analysis was per-
formed at a room temperature of approximately 20− 21 ◦C. Each colour 
measurement was carried out in triplicate and then averaged. 
Texture analyses were performed using a texture analyser (Z2.5 
apparatus, Zwick Roell, Ulm, Germany). Shear force was measured by 
Warner-Bratzler test (Honikel, 1998). Eight 2.5 cm diameter cylinders 
per sample were prepared. Each cylinder was cut perpendicular to the 
muscle fibre direction with a Warner-Bratzler blade (HDP/BSW) at a 
crosshead speed of 1 mm/s and the eight measures were averaged (kg 
cm2). Regarding the texture profile analysis (TPA), a total of eight cubes 
of 1 cm3 per sample were prepared. Each cube was compressed twice to 
50 % of their original height with a 10 cm diameter compression plate 
(time = 0 s between the two compression cycles), at a crosshead speed of 
1 mm/s and perpendicularly to the muscle fibre direction. Force-time 
curves were recorded and the subsequent rheological parameters were 
calculated (Bourne, 1978): hardness, cohesiveness, springiness and 
chewiness. Hardness (N) is defined as the maximum peak force during 
the first compression cycle, cohesiveness as the ratio between the area of 
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the positive force during the second and the first compression cycle, 
springiness (mm) as the height to which the sample recovers during the 
time elapsed between the end of the first and the start of the second 
compression, and chewiness (N x mm) as the work needed to chew a 
solid sample to a steady state of swallowing (hardness x cohesiveness x 
springiness). 
2.3. FT-NIRS data acquisition 
The same samples of approximately 2 cm thick (around 20 g) used for 
colour parameter measurements were scanned with a FT-NIRS device 
(Antaris™ II, Thermo Fisher Scientific, Waltham, Massachusetts, USA) 
at a lab room temperature of approximately 20− 21 ◦C. Spectral data 
were collected in reflectance mode and recorded as absorbance (log1/R, 
where R is the reflectance). Two-sample presentation modes were 
evaluated: intact and minced. Two spectra per sample, one for each side, 
were scanned for the intact mode using a cylindrical cup spinner with a 
quartz window. For the minced mode, samples were chopped in a 
homogeniser and two spectra were scanned for each sample. Each 
spectral measurement was obtained from 32 scans performed at a wave 
number resolution of 4 cm− 1 over the range of 9999 to 4000 cm− 1 
(1000–2500 nm) and corrected against the background spectrum of 
room environment. Average values of the two different replications for 
each sample were obtained through the OMNIC™ Software (Thermo 
Fisher Scientific, Waltham, Massachusetts, USA) both for intact and 
minced samples. 
2.4. FT-NIRS data pre-treatment 
NIRS pre-processed spectral data were combined with the results of 
chemical and technological analysis: MB, CFL, instrumental colour (L*, 
a*, b*), shear force and TPA (hardness, cohesiveness, springiness and 
chewiness). 
For each trait, an individual calibration model was developed. To 
optimize the accuracy of the calibration, several mathematical pre- 
treatments such as multiplicative scatter correction (MSC) and stan-
dard normal variate (SNV) were tested. MSC was used in order to 
remove optical interference and physical effects like particle size and 
surface blaze (Kapper et al., 2012a). SNV was tested as alternative to 
MSC in order to remove the multiplicative interferences of scatter and 
particle size (Barnes et al., 1989). Finally, SNV pre-treatment was not 
used in the models because the results obtained were worse than MSC 
pre-treatment. 
To optimize the extraction of information from the spectra data, first 
or second derivatives were used to remove baseline offset variations 
(Savenije et al., 2006). Also, a Savitzky Golay filter was employed to 
improve the appearance of peaks obscured by random noise. Finally, 
outliers’ spectra were identified and removed when necessary. 
Evaluation of outliers and the mathematical pre-treatments were made 
using TQ Analyst 8.6.12 software (Thermo Fisher Scientific, Waltham, 
Massachusetts, USA). 
2.5. FT-NIRS calibration and chemometric analysis 
The total number of samples was split in two random data sets: a 
training set (calibration) comprising 80 % of the samples, and a vali-
dation set including the remaining 20 % of the samples. An internal full 
cross-validation using the leave one-out method was applied on the 
training set. Using the leave one-out method, the number of folds (the 
data subset portion) is equal to the number of instances in the full data 
set (Sammut and Webb, 2011). 
Partial least squares (PLS) regression was applied to all models using 
TQ Analyst 8.6.12. For each parameter, the optimum number of factors 
used by PLS (FPLS) in the model development was the one that deter-
mined the lowest error in cross validation and thus avoiding overfitting 
(Prieto et al., 2014). 
The best model for each trait was evaluated in terms of the highest 
coefficient of determination (R2) and the lowest root-mean-square error 
(RMSE), in calibration (R2c; RMSEC), in cross-validation (R2cv; 
RMSECV) and in external validation (R2p; RMSEP), respectively. RMSE 
determines the performance of model regression and expresses the dif-
ference between the predicted and the measured references values 
(Lobos et al., 2013). Residual prediction deviation (RPD) was used in 
order to evaluate goodness of fit and model accuracy; it was calculated 
as the ratio between the standard deviation of the dataset divided by the 
root-mean-square error in calibration (RPDc = SD/RMSEC), in 
cross-validation (RPDcv = SD/RMSECV) and in external validation 
(RPDp = SD/RMSEP). The model performance can be considered suffi-
cient for a rough screening if RPD is between 1.5 and 2.5 (Williams, 
2014). Williams and Sobering (1993) suggested an ‘accurate estimation 
capacity’ if RPD values were higher than the limit of 2.5, even though in 
the following years the limit for the accuracy evaluation was increased 
to 3 (Williams, 2014). Nevertheless, when reference data variance is 
low, the values for the R2 and the RPD cannot be very high (Pérez-Marín 
et al., 2004). The range error rate (RER) was calculated as the ratio 
between the range of sample values (reference techniques) and the 
RMSEP (Max-Min/RMSEP) (Pérez-Marín et al., 2004). RER values in the 
range of 4–8 suggest the possibility of discriminating between high and 
low values, while RER values in the range of 8–12 represent the possi-
bility of predicting quantitative data (Barbin et al., 2015; Millmier et al., 
2000). 
Fig. 1. Assignment of Longissimus thoracis et lumborum muscle for meat quality traits. 1: Texture analysis (Warner-Bratzler shear force (SFF) and texture profile 
analysis (TPA)), instrumental colour parameters (lightness L*, redness a*, and yellowness b*) and NIRS. 2: myoglobin content (MB) and centrifuge force loss (CFL). 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article). 
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3. Results and discussion 
3.1. Descriptive statistics of meat quality traits 
A summary of descriptive statistics of the analysed meat quality traits 
is shown in Table 1. Lightness (L*) was the only parameter that showed 
certain homogeneity. For the other three traits (yellowness b*, hardness 
and chewiness), the coefficient of variation was high (from 28.7%– 
37.0%); and for the remaining traits the coefficient of variation was 
moderate (between 13.5 % and 18.0 %). 
The phenotypic data presented here showed similar values for CFL, 
L*, a* and MB but slightly higher for b* when compared to animals from 
the same Iberian pig population presented earlier by Fernández-Barroso 
et al. (2020). These differences observed within the same population 
could be due to a strong environmental factor in the open-air free-range 
production system, where production traits of pigs reared in different 
seasons are strongly influenced by the weather, the harvest of acorns and 
the abundance of pastures. Moreover, some of the traits such as water 
content or fat deposition in muscle are inherently very heterogeneous in 
pork. 
The comparison between the means and dispersion values of the 
meat quality traits analysed (Table 1) and those reported by other 
studies on the same traits in Iberian pigs (Estévez et al., 2003; Lopez--
bote et al., 2008; Mayoral et al., 1999; Tejerina et al., 2012) is not 
straightforward due to the different experimental designs in terms of 
production system, slaughter age, muscle type or instrumental proced-
ures. In addition, in our study, fresh meat samples were frozen, stored 
and then thawed for subsequent analyses (reference methods and NIRS) 
instead of performing the analysis on the same day that they were 
collected. The different freeze/thaw procedures probably affect the 
values obtained for the traits analysed. However, to carry out these 
analyses the same day that the samples were collected is unfeasible since 
an approximate number of 70 samples were collected for each slaughter 
date in a commercial slaughterhouse. 
3.2. NIRS spectra characteristics 
Average values of near infrared spectra, both for minced and intact 
samples from LTL muscle of Iberian pigs are shown in Fig. 2. The spectral 
information extracted from each type of sample showed a similar 
pattern, but intact meat seems to absorb slightly more energy than 
minced samples. 
The differences in absorbance can be explained by the texture 
structure when meat is minced, which interferes with light absorbance, 
as suggested by Cozzolino et al. (2000) and Fan et al. (2018). Although 
several studies carried out with the NIRS methodology in other pig 
breeds focused on evaluating some of the meat quality traits, such as 
instrumental colour and water holding capacity (Čandek-Potokar et al., 
2006; Kapper et al., 2012b; Savenije et al., 2006; Wang et al., 2018), few 
references reported on the comparison between intact and minced 
samples. Cáceres-Nevado et al. (2019) also observed slightly higher 
absorbance of intact samples than minced ones when they analysed 
moisture, protein and fat content in Iberian pig loins. Ortiz-Somovilla 
et al. (2006) noted visual differences between different spectra types of 
pork products (minced and homogenized). Also, it seems that the ho-
mogenization of the products results in lower absorption due to the 
modification of the meat structure. 
Furthermore, according to Cozzolino and Murray (2002), near 
infrared spectra in meat samples present high peaks of absorption 
(Fig. 2) that are linked to fat (1190 nm or 8400 cm− 1), protein (1550 nm 
or 6451 cm− 1) and water (1900 nm or 5260 cm− 1). 
3.3. NIRS prediction equations interpretation 
The summaries of the statistics obtained from calibration, cross- 
validation and external validation models in minced and intact sam-
ples are showed in Tables 2 and 3, respectively. For every parameter, the 
optimal number of PLS factors used was included, in order to have a 
lower standard error, as well as the mathematical treatments. The 
wavelength is not specified because the full available near infrared re-
gion was used. 
As expected, coefficients of determination obtained in calibration 
were higher than those of external validation models for both types of 
samples. In the minced samples (Table 2), most of the parameters (L*, 
MB, shear force, hardness, cohesiveness, springiness and chewiness) 
showed R2c values between 0.80 and 0.90, while R2c values between 
0.54 and 0.65 were lower for a*, b* and CFL. External validation re-
ported lower R2p values than calibration models, ranging from 0.70 to 
0.79 for L*, MB, shear force, hardness, cohesiveness, springiness and 
chewiness and from 0.48 to 0.59 for a*, b* and CFL. In addition, traits 
with the highest R2c in calibration were also the highest for R2p (L*, MB, 
shear force, hardness, cohesiveness, springiness and chewiness). 
In the NIRS analyses carried out with intact samples (Table 3), the 
R2c values were higher than 0.80 only for two traits (b* and hardness) 
and ranged between 0.71 and 0.79 in L*, a*, MB, CFL, shear force, 
chewiness. Intermediate results were obtained in cohesiveness and 
springiness, with an R2c value equal to 0.68. In the external validation, 
only hardness maintained a high R2p value of 0.80, while the colour 
parameters a* and b* reached values of 0.70 and 0.73, respectively. 
Lastly the remaining traits had an R2p value lower than 0.70. Comparing 
the two sample presentation modes, R2 was higher in the intact than in 
the minced samples for four traits (a*, b* CFL and hardness). The R2cv 
achieved the lowest results for all traits, both in minced and intact 
samples. 
Regarding the residual prediction deviation (RPD), which takes into 
account the root-mean-square and the standard deviation of the trait, in 
minced samples shear force and CFL obtained RPDc values of 3.0 and 
3.1, respectively, while the values were equal to or greater than 1.5 in 
other traits. Only the colour parameters a* and b* showed RPDc values 
below 1.5. In the external validation, the RPDp values were lower than 
those of the calibration: only shear force and cohesiveness reached a 
value of 1.5 while the remaining traits showed values between 1.1 and 
1.4. 
Again, in the analysis of intact samples (Table 3), the highest values 
of the statistics are clearly lower than in minced ones, since the 
maximum value of RPDc was 2.1 for hardness. However, RPDc values 
were equal to or higher than 1.5, for all the traits except for springiness. 
In validation, RPDp values ranged from 1.5 to 1.6 in L*, a*, b* and 
hardness, and between 1.0 and 1.4 in the remaining six traits. When 
comparing the RPD results of the two sample presentation modes, L*, a*, 
b*, CFL and hardness showed higher RPDp values in intact samples than 
in minced. 
Table 1 
Descriptive statistics for traits from Longissimus thoracis et lumborum muscle of 
Iberian pigs fattened in an open-air free-range system.  
Trait Sample 
size 
Mean SD CV 
(%) 
Max Min 
L* 287 43.60 2.93 6.73 53.58 35.90 
a* 287 11.48 2.06 17.99 16.29 5.92 
b* 287 3.37 1.22 36.22 7.14 1.03 
Myoglobin (mg g− 1 
muscle) 
287 1.66 0.26 15.66 2.64 1.04 
CFL (%) 287 29.98 4.04 13.47 37.49 16.52 
Shear Force (kg cm2) 287 4.39 0.73 16.68 6.61 1.96 
Hardness (N) 287 9.34 2.68 28.69 20.31 2.68 
Cohesiveness 287 0.28 0.04 14.29 0.39 0.17 
Springiness (mm) 287 1.55 0.21 13.55 2.15 0.52 
Chewiness (N x mm) 287 4.19 1.55 36.99 8.83 1.20 
Sample size: number of samples; SD: standard deviation; CV: coefficient of 
variation as a percentage; Max: maximum value; Min: minimum value; Minolta 
parameters: L* lightness, a*: redness, b*: yellowness; CFL: centrifuge force water 
losses, TPA parameters: Hardness, cohesiveness, springiness, chewiness. 
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Finally, RER advises about the suitability to categorise or quantify 
the samples based on the spectra of the traits. All the traits showed RER 
values above 4 for the minced mode (Table 2). Even shear force reached 
a value equal to 10.6, a result that implies a level of accuracy beyond 
classification and that would allow quantification with acceptable pre-
cision. Regarding the intact mode (Table 3), three traits had RER values 
below 4.0 (MB, cohesiveness and chewiness) and none exceeded 8.0. 
Previous studies have reported a better performance of NIRS ana-
lyses in minced samples than in intact ones for moisture, protein, 
intramuscular fat content and fatty acid profile (Cáceres-Nevado et al., 
2019; Fan et al., 2018; Ortiz et al., 2020) and for shear force (Barlocco 
et al., 2006). Nevertheless, to our knowledge, there are no studies that 
have measured myoglobin, CFL and TPA parameters in minced and 
intact samples. Intact muscles are heterogeneous samples with different 
chemical and physical characteristics due to different factors (pH, 
myoglobin and protein precipitation in the sarcoplasm, fibre organiza-
tion, myofibrillar birefringence, sarcomere length, moisture, intramus-
cular fat and macroscopic surface reflectance properties) (Cozzolino 
et al., 2000; Cozzolino and Murray, 2002). This heterogeneity could 
explain a worst performance of the NIRS analyses for some traits. 
However, in the present study, performances of the models were better 
in intact samples for L*, a*, b*, CFL and hardness, since they showed 
higher RPDp and RER values than in minced samples (except a* for RER, 
which showed very similar values). 
3.4. NIRS evaluation by groups of traits 
3.4.1. Colour parameters 
The prediction results of the MB by NIRS in intact samples were not 
very encouraging. RER was equal to 2.9, advising against its imple-
mentation in the conditions of this experimental design. Better results 
were obtained in minced meat, although somewhat contradictory: while 
RER was equal to 6.7, within the range of discrimination between high 
and low values, the RPDp value was 1.3, below the recommended for a 
rough screening. To our knowledge, there is no study that calibrate NIRS 
for MB determination on porcine meat. Prieto et al. (2006) and Ripoll 
Fig. 2. Average NIR spectra of all minced (blue) and intact (red) Longissimus thoracis et lumborum samples of Iberian pigs fattened in an open-air free-range system 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article). 
Legend. The Y-axis values correspond to the absorbance (1/R) of the samples along the different wavenumbers. 
Table 2 
Summary statistics for the PLS calibration and external validation models in minced samples.  
Trait Treatment FPLS 
Calibration Cross - 
Validation   
External validation 
n R2c RMSEC RPDc R2cv RMSECV RPDcv n R2p RMSEP RPDp RER 
L* MSC + II deriv.+ SG 
filter 
3 226 0.89 1.32 2.3 0.72 2.00 1.5 56 0.75 1.03 1.3 5.0 
a* MSC + II deriv. + SG 
filter 
3 217 0.54 1.73 1.2 0.48 1.32 1.6 54 0.48 1.07 1.1 4.6 
b* MSC + II deriv. + SG 
filter 
3 217 0.61 0.99 1.3 0.53 1.34 0.9 54 0.56 0.71 1.1 4.3 
Myoglobin (mg 
g− 1) 
MSC + II deriv. 2 219 0.84 0.13 1.8 0.68 0.26 1.0 55 0.74 0.11 1.3 6.7 
CFL (%) MSC + II der. + SG 
filter. 
2 216 0.65 1.39 3.0 0.49 2.80 1.5 53 0.59 1.37 1.3 4.4 
Shear Force (kg 
cm2) 
MSC + II deriv. 2 218 0.80 0.23 3.1 0.66 0.77 0.9 55 0.70 0.44 1.9 10.6 
Hardness (N) MSC + II deriv. 2 218 0.84 1.45 1.9 0.61 2.60 1.1 55 0.74 0.99 1.3 5.2 
Cohesiveness MSC + II deriv. 3 222 0.90 0.02 2.4 0.68 0.02 1.6 56 0.79 0.02 1.5 6.1 
Springiness (mm) MSC + II deriv. 2 205 0.86 0.11 2.0 0.69 0.17 1.3 51 0.79 0.08 1.4 6.1 
Chewiness (N x 
mm) 
MSC + II deriv. 2 214 0.87 0.85 2.0 0.65 1.25 1.4 53 0.78 0.50 1.3 4.6 
MSC: Multiplicative Scatter Correction; II deriv.: second derivate; SG filter: Savitzky Golay filter; Minolta parameters: L* lightness, a*: redness, b*: yellowness; CFL: 
centrifuge force water loss; TPA parameters: Hardness, cohesiveness, springiness, chewiness; n: number of samples; FPLS: number of PLS factors; R2c: coefficient of 
determination of calibration; RMSEC: root-mean-square error of calibration; RPDc: residual prediction deviation in calibration (SD/RMSEC); R2cv: coefficient of 
determination of cross-validation; RMSECV: root-mean-square error of cross-validation, RPDcv: residual prediction deviation in cross-validation (SD/RMSECV); R2p: 
coefficient of determination of external validation; RMSEP: root-mean-square error of external validation; RPDp: residual prediction deviation in external validation 
(SD/RMSEP); RER: range error ratio in external validation. 
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et al. (2008) reported RPD values of 1.09 and 2.38, respectively, in 
minced samples of cattle meat. The best results of Ripoll et al. (2008) 
were obtained working on the visible-near infrared spectrum range 
(400–2500 nm) and they observed a good MB estimation ability using 
the visible region (400–750 nm). The peak in the visible region 
approximately at 520 nm was probably related with the structure of 
meat pigments, such as myoglobin (Cozzolino et al., 2003; Cozzolino 
and Murray, 2002). Nevertheless, this wavenumber was not present in 
the near infrared region used in our study. 
The observed results of RPDp in colour traits (L*, a* and b*) were 
higher for intact (1.5) than for minced meat (1.1–1.3), which makes its 
implementation suitable directly on the raw material without prior 
homogenization. Several authors worked on the colour parameters and 
their prediction by NIRS. Čandek-Potokar et al. (2006) observed slightly 
better results in the intact than in the minced mode in porcine Long-
issimus thoracis muscle using a similar wavelength to that used in the 
present study. Kapper et al. (2012b) reported better predicted statistics 
for L* parameter than our findings, but worse for a* and b* on porcine 
intact LTL muscle. Monteiro-Balage et al. (2015) showed better accuracy 
than ours for the three colour parameters in intact porcine LTL. This 
higher accuracy may be linked to the region of the electromagnetic 
spectrum that they used: visible (400–750 nm) and a part of the near 
infrared region; in fact, Monteiro-Balage et al. (2015) showed that the 
selection of a specific set of waveband from 405 to 690 nm plays a 
relevant role improving the prediction accuracy of the colour parame-
ters. Finally, Andrés et al. (2008) and Prieto et al. (2014) reported 
slightly better prediction ability for L*, a* and b* in minced LTL samples 
of cattle trough the cross-validation procedure. This higher accuracy 
could be related to the electromagnetic spectrum used by Andrés et al. 
(2008) and Prieto et al. (2014) which also includes the region of the 
visible spectrum (400–2498 nm). 
3.4.2. Centrifuge force loss and texture parameters 
Coefficients of determination in external validation for CFL in 
minced and intact samples were not high (0.59 and 0.69, respectively) 
but RPDc was 3.0 in the minced mode, the second highest value of RPDc 
in the present study. However, the RPDp value decreased drastically in 
external validation (1.3), which was lower than the threshold necessary 
to categorise the samples. The best results in terms of RPDp and RER 
were achieved in intact mode, with a RER value of 6.8. So far, no studies 
are available that report results for CFL in both porcine and cattle. 
The prediction results observed for shear force (measured by Warner- 
Bratzler) in minced samples were promising because RPD values (both 
in calibration and in external validation) and, above all, RER (equal to 
10.6) would allow a quantification of this trait with moderate accuracy. 
Previous studies on cooked samples of Longissimus thoracis from cattle 
reported similar results (Ripoll et al., 2008), while other studies reported 
poorer prediction estimates (Prieto et al., 2008; Andrés et al., 2008). 
These RPD and RER statistics were clearly lower in the intact than in 
minced mode. Nevertheless, our results presented higher predictive 
ability than those described for shear force by Barlocco et al. (2006); Cai 
et al. (2011) and Monteiro-Balage et al. (2015) in porcine cooked sam-
ples of Longissimus and by Bonin et al. (2020), in cooked intact samples 
of Longissimus thoracis from cattle. 
Finally, regarding TPA parameters, our results presented better 
prediction equations in minced samples with the exception of hardness. 
However, results for hardness measured in minced samples presented 
better predictive ability than those reported by Ripoll et al. (2008). Even 
if the homogenisation of minced samples could have altered the muscle 
structure, our results suggest that this treatment did not have a great 
influence on rheological traits. Cohesiveness and springiness in minced 
samples presented RPDp values of 1.5 and 1.4, respectively, close to the 
threshold required to differentiate between low and high categories, 
with RER equal to 6.1 which allows samples to be categorised. Hardness 
in intact samples reached similar results: 1.6 and 5.6 for RPDp and RER, 
respectively. Chewiness was the TPA characteristic with the lowest 
prediction ability in both modes. 
3.5. NIRS predictive ability remarks 
The main objective of this work was to assess NIRS methodology to 
simultaneously measure a set of meat quality traits, as an alternative to 
instrumental measurements for further implementations such as in 
breeding programs or in industry quality control. In addition, two pre-
sentations of the sample were included, minced and intact, seeking to 
simplify the process by avoiding previous sample preparations and 
making it more accessible on a meat production line. 
The general results in terms of R2, RMSE, RPD and RER reveals that 
NIRS cannot be used for an accurate and simultaneous quantification of 
the studied traits, as the accuracy required for strategies such as inclu-
sion in breeding programs is not sufficient, but the results suggest the 
possibility of using NIRS to classify some of these traits into two or three 
categories. Shenk and Westerhaus (1996) set the range of R2 of predic-
tion models from 0.50 to 0.69 for an adequate capacity to classify 
samples into three classes (high, medium, and low) and from 0.70 to 
0.89 for a good predictive ability. All the R2p estimates shown in this 
work (except a* in minced) are within the ranges indicated by these 
authors. RDPp values were equal to or greater than 1.5 in six traits: shear 
force, cohesiveness (in minced), L*, a*, b* and hardness (in intact); RER 
exceed 4.0 in all traits in minced samples and in seven traits in intact (L*, 
Table 3 
Summary statistics for the PLS calibration and external validation models in intact samples.  
Trait Treatment FPLS 
Calibration Cross - Validation External validation 
n R2c RMSEC RPDc R2cv RMSECV RPDcv n R2p RMSEP RPDp RER 
L* MSC + I deriv. 3 222 0.77 1.89 1.6 0.65 2.00 1.5 55 0.68 1.36 1.5 5.3 
a* MSC + I deriv. 3 230 0.79 1.27 1.6 0.66 1.55 1.3 57 0.70 1.65 1.5 4.5 
b* MSC + I deriv. 3 214 0.80 0.73 1.7 0.69 0.93 1.3 53 0.73 0.82 1.5 5.7 
Myoglobin (mg g− 1) MSC + II deriv. 3 225 0.71 0.15 1.7 0.61 0.31 0.8 56 0.67 0.18 1.2 2.9 
CFL (%) MSC + II deriv. 4 230 0.78 2.55 1.6 0.67 2.78 1.4 57 0.69 2.14 1.4 6.8 
Shear Force (kg cm2) MSC + II deriv. 3 198 0.73 0.45 1.6 0.68 0.97 0.8 50 0.67 0.34 1.2 4.0 
Hardness (N) MSC + II deriv. 4 226 0.88 1.28 2.1 0.66 2.00 1.3 56 0.80 1.00 1.6 5.6 
Cohesiveness MSC + II deriv. 3 195 0.68 0.03 1.5 0.53 0.04 0.9 49 0.61 0.03 1.0 3.4 
Springiness (mm) MSC + II deriv. 4 207 0.68 0.16 1.3 0.58 0.24 0.9 52 0.60 0.17 1.2 5.5 
Chewiness (N x mm) MSC + II deriv. 4 215 0.79 0.94 1.7 0.65 1.36 1.1 54 0.69 0.97 1.0 3.4 
MSC: Multiplicative Scatter Correction; I deriv.: first derivate; II deriv.: second derivate; Minolta parameters: L* lightness, a*: redness, b*: yellowness; CFL: centrifuge 
force water losses; TPA parameters: Hardness, cohesiveness, springiness, chewiness; FPLS: number of PLS factors; n: number of samples; R2c: coefficient of deter-
mination of calibration; RMSEC: root-mean-square error of calibration; RPDc: residual prediction deviation in calibration (SD/RMSEC); R2cv: coefficient of deter-
mination of cross-validation; RMSECV: root-mean-square error of cross-validation, RPDcv: residual prediction deviation in cross-validation (SD/RMSECV); R2p: 
coefficient of determination of external validation; RMSEP: root-mean-square error of external validation; RPDp: residual prediction deviation in external validation 
(SD/RMSEP); RER: range error ratio in external validation. 
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a*, b*, CFL, shear force, hardness and springiness). These values are, in 
both statistics, the lowest value that are considered good enough for a 
rough screening (Williams, 2014) or to discriminate between high and 
low categories (Barbin et al., 2015; Millmier et al., 2000). 
The results of the present study revealed that it is not possible to 
obtain a simultaneous quantification of the ten traits analysed with 
NIRS. From an individual point of view for each trait, although the 
predictive models allow a rough classification in intact samples of meat 
colour parameters (L*, a* and b*), the measurement with the reference 
method using a colorimeter is even easier to implement than NIRS. The 
measurement of CFL in both cases (intact and minced) seems not to be 
accurate by NIRS, but considering that the usual analysis requires a long 
and laborious protocol, CFL could be indirectly measured quantifying 
the percentage of water losses by thawing and cooking due to their high 
genetic and phenotypic correlations (Fernández-Barroso et al., 2020). 
Therefore, it is interesting to focus attention on MB and on texture 
(shear force and TPA parameters) which are not easy to quantify by 
traditional methods. MB is a very interesting quality trait for Iberian pigs 
(Ventanas et al., 2005) because consumers associate the bright cherry 
red colour with the high meat quality of animals raised in open-air 
free-range systems. However, its quantification process is long and 
laborious, especially when a large number of records are required. The 
NIRS prediction results shown here do not allow an accurate quantifi-
cation of this trait. According to Cáceres-Nevado et al. (2019), the use of 
full spectra allows a large number of traits to be determined simulta-
neously. However, the region of the visible spectrum, which offers better 
results for MB (Prieto et al., 2006 and Ripoll et al., 2008), was not 
included in the considered spectral region. 
Texture is also a remarkable quality trait of Iberian pigs, especially 
since the consumption of fresh meat has increased in the last decade. 
Shear force is one of the parameters related to texture, and to determi-
nate it, a large number of replicates of the same sample have to be 
measured in the texturometer. Therefore, the use of NIRS instead of a 
texturometer would be clearly advantageous. 
Tougher samples absorb more light than tender ones (Bonin et al., 
2020) and this may be due to their shorter sarcomere length that allows 
light to penetrate easily (Andrés et al., 2007). This could explain the 
ability of NIRS to differentiate samples based on shear force. The results 
observed in this study, especially in minced samples, are very promising 
and encourage further research in order to improve the values of R2, 
RPD and RER. Simultaneous determination of shear force and TPA pa-
rameters using NIRS would be highly advantageous, since they could 
replace both complex sensory analysis through trained panellists and 
texturometer analyses. 
According to Pérez-Marín et al. (2004), both an increase in the 
number of samples, and an increase in trait variation, as well as an 
improvement of the reference methods through a more rigid standard-
ization could be relevant factors in improving the accuracy of the NIRS 
calibration model. Additionally, environmental conditions such as 
temperature or humidity, the length of the freezing period, and grinding 
or centrifuging processes should be meticulously controlled to reduce 
small cumulative laboratory errors, which could affect the precision of 
the estimation using NIRS. An improvement in the quantification made 
with the reference methods, reducing the variability between the rep-
licates of an individual could be a relevant factor in improving the ac-
curacy of the NIRS calibration model. 
4. Conclusion 
The results of this study revealed the difficulty of a single NIRS 
reading, using the full spectra range, to simultaneously quantify ten 
meat quality traits in samples of longissimus dorsi et lumborum from free- 
range Iberian pigs. However, NIRS seems to allow the quantification of 
shear force in minced samples, while a rough classification is possible 
both of cohesiveness in minced samples and of colour parameters L*, a*, 
b* and hardness in intact samples. Therefore, simplification of this 
methodology using intact rather than minced samples was not feasible 
for all traits. 
The possibility of applying NIRS for shear force or hardness is rele-
vant for meat quality control since they could be incorporated into the 
production line, just like other analyses already implemented (e.g., fatty 
acid profile or intramuscular fat content). 
Further research is required to increase the number of samples and 
range of variation of the recorded traits, as well as to analyse different 
wavelengths for each individual trait or group of traits. The results 
observed for texture (shear force and TPA parameters) encourage new 
study designs to improve NIRS methodology for these meat quality 
traits, which are very relevant in the Iberian pig meat industry. 
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Barroso was funded by FPI Ph.D. grant from the INIA institution. 
References 
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